INTRODUCTION
The Core Welfare Indicator Questionnaire (CWIQ) survey instrument essentially collects 1 simple welfare indicators and indicators of access, use, and satisfaction of public services. It is not designed to measure income, consumption or expenditure. Nevertheless, to fully analyse the CWIQ data, it is necessary to devise a means for distinguishing poor from non-poor households. Thus, there is a need to identify a set of poverty correlates or predictors and estimate their respective weights to predict household consumption and to rank households for poverty analysis.
This paper provides latest estimates of poverty for the year 2001-02 in the country using consistent 2 methodology. It also computes predicted consumption functions, separately for urban and rural Pakistan. These functions are estimated with the help of non-monetary correlates of consumption and applied to predict poverty at sub-national and sub-provincial levels.
The paper uses Pakistan Integrated Household Survey (PIHS) 2001-02 for the analysis. Household Integrated Economic Survey (HIES) section of the PIHS is mainly used for the estimation of monetary poverty. HIES includes standard and detailed income and consumption modules and is traditionally used to estimate poverty in Pakistan.
The organisation of the paper is as follows. The estimates of the poverty line and poverty during the year 2001-02 are presented in the next section. Section 3 discusses the methodology for modelling predicted consumption function. The estimated poverty correlates are provided in Section 4. Application of the consumption functions to predict poverty at sub-national level is presented in Section 5, while the last section is reserved for some concluding remarks.
LATEST POVERTY ESTIMATES
For an inter-temporal comparison of the poverty line and estimates of poverty aggregates (incidence, depth and severity), it is essential to adhere to consistent methodology and norms. The methodology adopted in Jamal (2002) to estimate poverty for the year 1987-88, 1996-97 and 1998-99 is applied to the latest available household survey data (PIHS-HIES, 2001-02) . Although the details of various methodological options and recommended steps are provided in that paper, the following is a brief description of the major steps to compute the poverty line and poverty for the year 2001-02.
Poverty can be used to define the poor by total household expenditure falling short of the poverty line by the average dietary pattern the expenditure would translate into fewer calories than required. Therefore to compute the poverty line, calorie norms (cutoff points) and estimated coefficients of the calorie-consumption function (CCF) are required. The idea is to get the estimates of total household expenditure required to obtain the minimum required calories. This paper follows 2550 and 2230 calories per day per adult as calorie norms 3 for rural and urban areas respectively. Household food consumption is translated into calories using Food Consumption Tables for Pakistan [Pakistan (2001) ].
2 In Jamal (2002) , a consistent methodology is applied to estimate poverty for the years 1987-88, 1996-97 and 1998-99 . Similar methodology is applied in this paper for the year 2001-02. 3 The Poverty line and, hence, poverty incidence is very sensitive to a change in calorie norms or cutoff points. Therefore, it is highly recommended to adhere to a cutoff point, whatever it may be, for inter-temporal comparison of poverty incidence and the poverty line. Same calorie norms are used for 1987-88, 1996-97, and for 1998-99. Calorie-consumption functions are estimated separately for urban and rural areas. It is argued that consumption behaviour, purchasing patterns, dietary habits, taste, ecology etc. are extremely different for urban and rural groups. Following Jamal (2002) , these functions are estimated from the lower quartile of distribution after ranking households by per capita expenditure. Household per adult daily calorie consumption is regressed on total expenditure (excluding taxes). The functional form is chosen on the basis of maximisation of R 2 criterion. Nonetheless, other statistical tests are also applied before choosing the functional form. The results of these functions are furnished in the Appendix (Table A-1) . Table 2 displays various measures 5 of poverty for the year 2001-02. The estimated poverty lines for urban and rural areas are mapped on household per capita total expenditure for computing these measures. Overall, 33 percent of the population was poor, according to the above definition of poverty and the poverty line. The incidence, depth and severity of rural poverty are high as compared with the urban areas.
The trend in poverty incidence is portrayed in has increased with an annual growth rate of 3.1 percent, while the increase is about 7 percent in the case of urban poverty incidence. 
MODELLING PREDICTED WELFARE OR POVERTY
It is assumed that the approximating mean function h(x,θ), relating to response (welfare) variable to the covariates, x is linear in its parameter θ. That is the conditional expectation, E(y|x) of the response y given the covariates is related to the linear predictors by the response link function h (x,θ) . Some continuous variables with strong predictive capabilities were dichotomised to discriminate between poor and non-poor households. These dummy regressors were constructed and included in the model to capture the effects of qualitative independent variables. The resulting 6 According to the official estimates provided in Pakistan Economic Survey, 2003-04 (page 49) , the annual growth in rural poverty between 1998-99 and 2000-01 is 6.2 percent and growth in urban poverty incidence is 4.2 percent. These results are contradictory with our estimates. Although both results are not comparable due to differences in methodology and calorie norms, one important distinction between these two estimates is worth mentioning. This paper uses separate poverty lines for urban and rural areas, while Government uses one poverty line for computing official urban and rural poverty incidences.
variables were then fitted into a model which contains both continuous and discrete dummy variables. The reduce form of the model is specified by Equation (1) below:
where, Y j is the response variable; X j is a matrix of continuous explanatory variables; λs are the respective explanatory dummies variables; βs are the estimated coefficients relative to the continuous variables; γs are the estimated coefficients associated with the selected dummy variables; and µ j is the standard error term. The best poverty predictors were the ones that contributed to a significant marginal increase in the explanatory power of the model. The response variable may be represented by the total household expenditure.
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It is a standard multivariate regression analysis and estimates the partial correlation coefficient between expenditure and the explanatory variables. Typically, a logarithmic transformation is applied to the response surface to make the relationship between the y and the x's linear. The transformation stabilises the error variance, reduces asymmetry in the distribution of error terms and improves prediction power. The estimated weighted function is continuous and allows the construction of predicted household expenditure which is used as a basis for poverty analysis in light monitoring survey such as CWIQ. Alternatively, a dichotomous variable explaining poor/non-poor status may be represented as a response variable. In this case, a logit or probit regression of the binary variable is estimated using the maximum likelihood estimation procedure. Based on the assumptions about the error term of the model, probability is computed to predict the household poor/non-poor status.
The selection of appropriate poverty predictors is the next step in the modelling consumption function. Initially the set of regressors includes a host of explanatory variables both discrete and continuous. These initial regressors are essentially household level variables 8 focusing on: household assets, education level and literacy, employment, household amenities, household structure, and demographic characteristics and geographical location. These variables 9 were constructed from the latest household survey (PIHS-HIES, 2001-02) and only those that strongly correlated with household total expenditure were retained for further testing. A stepwise procedure allows one to calibrate the models by dropping explanatory variables with less predictive power. 10 Optimal poverty predictors are selected using a combination of multiple regression analysis and test for correlation and prediction. Once the poverty predictors were identified, their corresponding weights may be used to predict response (household expenditure) variable.
POVERTY CORRELATES
As mentioned above, two alternative methods of specifying the response (dependent) variable are available. A continuous variable (log of household expenditure) or a binary variable may be used to statistically correlate household characteristics with poverty status or consumption behaviour. However, it is argued that poverty status binary variable (poor/non-poor) is computed from household expenditure and by using this variable one may loose much of the information available about the actual relationship between expenditure and its explanatory factors. It is, therefore recommended that the analysis is best carried out with the expenditure variable rather than the poor/non-poor status of households.
Nonetheless, to check the sensitivity of results and relative power of prediction, both methods are applied to estimate the consumption function. To a large extent both alternatives yielded similar prediction power, statistical significance of poverty predictors and goodness of fit. Table 4 portrays a comparative picture of both methods in terms of percentage of correct prediction. It is evident from the table that both specifications work relatively well in urban areas and estimated 84 percent cases appropriately in the actual category of households. In rural areas, however the prediction power is somewhat less and about 78 percent cases were put in the right category of households. Having reached a conclusion that both specifications are the same in terms of prediction power, further description of results and application are based on a multivariate regression analysis that specifies logarithm of expenditure as the dependent variable.
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Tables 5 and 6 present regression results of estimated consumption function for urban and rural areas respectively. The adjusted R-square, which is a measure of goodness of fit, is 0.69 for urban and 0.52 for rural areas. In a cross-section analysis, these magnitudes are considered good enough for acceptability of the model. The magnitudes of Durbin-Watson statistic indicate that the relationship between consumption and poverty predictors is not spurious. Multicollinearity among independent variables, which makes the coefficients statistically less efficient and insignificant, is tested through the condition index. The index value greater than 30 indicates severity of multicolinearity and points to less reliability about the magnitude of the coefficients. The estimated results however, indicate that the value of the condition index is less than 30 for urban as well as rural areas. Having illustrated the summary statistics of estimated consumption functions, some observations regarding poverty correlates are in order.
Family size and dependency are important poverty predictors. The dependency is represented by the proportion of children and members greater than 65. Both determinants are highly correlated with expenditure.
In rural areas, ownership of livestock, poultry, land, non-residential and residential property are all positively correlated with household expenditure. Further, medium and large farmers (ownership of land greater than 12.5 acres) play a dominant role in distinguishing non-poor from poor. In fact, the magnitude of coefficient associated with the variable representing medium and large farmers is the highest. Owner cultivator is also an important determinant of household non-poor status.
One variable that appears to be highly correlated with aggregated household total expenditure with strong predictive capability is the "asset score". This variable is constructed by assigning equal 12 weight to each of the seventeen assets 13 listed in the PIHS questionnaire. A constant 1 is assigned to each of the assets owned by the 11 The detailed results of logit estimates are provided in the Appendix, Table A-2 and Table A -3. 12 One popular method for obtaining weighted score is the Principal Components Analysis (PCA). The weighted Factor Score, which is derived from PCA is also attempted and used as a regressor instead of score computed by assigning equal weight to each assets. However, no improvement and no significant changes in the results are observed. Therefore, simple scoring of assets is preferred.
13 These assets are; refrigerator, freezer, air-conditioner, air cooler, geyser, washing machine, camera, cooking range, heater, car, motorcycle, VCR, cassette player, compact disk player, vacuum cleaner and computer. household, and the assets score is obtained by summing up across all assets at the household level. Of course uniform allocation of score irrespective of the asset characteristics tends to smooth out the distribution of assets across households. To the extent that these assets have different values and all exhibit different rates of depreciation, uniform allocation might even increase the distortion in the distribution of household assets. But, what actually matters in this construction is the ownership of assets by a household and not so much the values of the asset which are difficult to estimate accurately from surveys carried out in a single visit to the household. The maximum asset score is 17 and the minimum is 0 for poorest households which possess none of the assets listed. The significant and major role of education, especially higher education in urban areas is evident from Table 5 . The magnitude of the coefficients associated with higher secondary (intermediate) or tertiary education of the head of a household plays a decisive role in determining the household's consumption/poverty status.
The quality of housing structure in terms of material used is an important determinant of poverty status. Unfortunately, the household survey (PIHS, 2001-02) does not provide the relevant information to capture the quality of housing stock. Therefore, only the housing congestion, represented by number of person per room is included in the consumption function. In housing services, telephone connection appeared as an important determinant of poverty status, both in urban and rural areas.
The magnitude of coefficients associated with domestic and overseas transfers clearly indicates the significance of these variables in determining the household's poverty status. In urban areas, the highest magnitude is associated with households receiving overseas remittances.
Above-mentioned poverty correlates, however estimate medium term expenditure. The methodological framework does not allow to explicitly incorporate some short term transitory factors related to price and income shocks in the model. Nonetheless, the predicted consumption/expenditure is a good proxy for permanent income barring some short-term fluctuations.
PREDICTED POVERTY INCIDENCE AT THE SUB-NATIONAL LEVEL
The estimated non-monetary poverty correlates with the respective weights 14 are applied to determine the provincial and district level poverty incidence in 14 It may be hypothesised that the weights or magnitude of non-monetary correlates would be stable overtime (at least in the short run). However, the phenomenon is not yet empirically proved. An attempt was made to estimate consumption functions from HIES 1996-97 data. Despite some missing variables, the magnitudes of coefficients were not off and quite close. Nonetheless in the absence of any strong empirical support, it is difficult to definitely conclude that coefficients are stable overtime. Pakistan. 15 The estimated response on log scale was transformed back and converted into per capita expenditure to remove the effects of the household size. The transformed predicted response was then used to categorise households into poor/non-poor using the poverty lines described above.
16 Table 7 depicts provincial poverty incidences, separately for provincial capitals, large cities, small cities, and towns and rural areas. The urban and rural poverty incidences at district 17 level are presented in Appendix (Table A-4 and Table A -5 respectively). 15 The direct estimates of poverty incidence at provincial or district level from household surveys is not recommended due to large standard errors, non-normality and heteroscedasticity in income or consumption variables. The sample design of HIES allows only the computation of the poverty statistics at the national or regional (urban/rural) with an acceptable measure of reliability. Therefore household consumption, which is predicted with the help of non-monetary indictors, is used to estimate poverty statistics for provinces or districts. It is argued that non-monetary variables (demography, education, housing etc.) are less heterogeneous and normally distributed across the sampling stratum. The size of standard error in two-stage estimates depends largely on the degree of disaggreagation sought and the explanatory power of the exogenous variables in the first-stage model. 16 Poverty incidences (within sample) are indirectly predicted using the information provided by the estimated consumption functions. For out of sample prediction or prediction overtime, the mean consumption level (constant or intercept term) should be used after adjusting inflation.
17 District poverty incidences are computed only for those districts which are included in the sampling frame of the Federal Bureau of Statistics.
According to the provincial ranking in terms of lowest poverty incidence, NWFP province ranks second after Punjab province. This may be partly explained with the relatively low rural poverty incidence in NWFP as compared with rural Sindh. The data (not reported here) reveals that overseas and domestic remittances are major contributors towards lowering the poverty incidence in NWFP province. The plight of residents of small cities and towns are also evident from the table.
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On the average, 40 percent residents of the town are categorised as poor. Balochistan, as expected, ranks the lowest in urban as well as rural poverty levels.
CONCLUDING REMARKS
The need to identify a set of poverty predictors and estimate their respective weights arises from the fact that it is expensive to collect detailed household consumption and income data frequently and from a large segment of the population. After devolution of power to the district levels, it is also argued that district-wise poverty estimates should be available to monitor the impact of policies adopted by the district administration. To act in response, the Federal Bureau of Statistics, Government of Pakistan is launching a nationwide survey using the Core Welfare Indicator Questionnaire. This survey instrument essentially collects simple welfare indicators and indicators of access, use and satisfaction of public services. It is not designed to measure income, consumption or expenditure. Nevertheless, to fully analyse the CWIQ data, it is necessary to devise a means for distinguishing the poor from non-poor households.
This paper explored poverty correlates in the context of urban and rural Pakistan. The specificities of developing economies, in particular the dualism between urban and rural areas, motivates one to identify the correlates or determinants of poverty taking into account the clear distinction that must appear either in the analysis of poverty or during the adoption of appropriate economic policies.
At the first step, the poverty incidences for urban and rural areas are estimated using latest available household survey and making use of consistent methodology for poverty estimation. According to the estimates, an overall 33 percent of people were poor during 2001-02. The incidence, depth and severity of poverty is high in rural areas as compared with their urban counterpart. The trend in poverty incidence indicates a relatively high increase in urban poverty during 1998-99 and 2001-02. Rural poverty in this period has increased with an annual growth rate of 3.1 percent, while this percentage is about 7 in the case of urban poverty incidence.
Total household expenditures are then statistically analysed in terms of various household non-monetary (demographic, social, housing etc.) indicators to determine consumption correlates. The results show that in urban areas the main factors which discriminate against poverty include the head of the households education and dependency ratio. In rural areas, asset distribution, especially land and livestock play an important role in distinguishing non-poor from poor. The role of domestic and overseas transfers also appeared significant in discriminating against poverty. Its role is more striking in urban areas.
With the help of these estimated consumption functions, poverty incidences are predicted for provinces and also for selected districts. According to predicted provincial poverty incidence, Punjab ranks first, while Balochistan province ranks forth. Surprisingly, NWFP province ranks second instead of Sindh province. This is, perhaps mainly due to a very low incidence of rural poverty in NWFP. Another important finding, which emerged from this exercise, is that residents of small town and cities are in a vulnerable situation. The poverty incidence in small cities and towns, barring Balochistan rural areas, is the highest in all provinces.
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